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Abstract
Due to the reduction of the number of persons engaging in traditional skills, efficientlyarchiving traditional skills is needed to 
preserve and transmit them to future generations. It is important for archiving various traditional skills to concisely and 
accurately represent several fundamental movements in the traditional skills. Additionally, a pause called “Ma” in Japanese is 
also a remarkable component in many kinds of traditional skills. We thus propose an efficient representation of the fundamental 
movements and pause focusing on the motion data obtained by a motion capture system and given as time series of the positions
of some markers. The effectiveness of the proposed representation is evaluated through an experiment of discriminating several 
kinds of fundamental movements and the pause in Japanese traditional tea ceremony. We show that many kinds of fundamental 
movements can be concisely described and accurately discriminated by using the proposed representation. In addition, we give 
consideration about the proposed representation for an efficient archiving.
© 2015 The Authors. Published by Elsevier B.V.
Peer-review under responsibility of AHFE Conference.
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1. Introduction
There are many traditional crafts and industries founded on a variety of traditional skills. It is therefore important 
to transmit them to posterity. However, it becomes more and more difficult to preserve and inherit them for future 
generations because most of young people are less interested in traditional cultures and not willing to obtain 
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traditional skills. In addition, decreasing number of the skilled people makes it more difficult to transmit the 
traditional skills [1-3]. 
In order to preserve and transmit the traditional skills with less human effort, archiving the traditional skills and 
providing an efficient retrieval system for the archives will be very effective. This will help the young people 
interested in traditional cultures to easily and quickly acquire the traditional skills. A traditional skill generally 
consists of a sequence of fundamental movements. Most of them can be represented and described by means of the 
analysis of the movements of some body parts. Additionally, a pause, which is called “Ma” in Japanese, is 
considered to be a very important element in various traditional skills [4]. The pause is basically observed between a
certain fundamental movement and the subsequent one. It thus can be detected through the analysis of the 
movements of a skilled person.
In this paper, we mainly focus on Japanese traditional tea ceremony, in which the pause and several fundamental 
movements are considered to be very important. The movement of the host in the tea ceremony is analyzed by using 
the motion data of some body parts recorded by a motion capture system. Because of a number of body parts and a
high sampling frequency of the motion capture system, the motion data could be very high dimensional numerical 
time series data. It is thus quite difficult to efficiently archive and retrieve such data. In addition, it is also difficult to 
analyze the characteristics of the pause and fundamental movements.
We attempt to deal with this issue by efficiently reducing the dimensionality of the motion data. This makes it 
easy to describe and detect the fundamental movements and the pausesin combination with a kind of machine 
learning technique. We show the effectiveness of our approach through an experiment of discriminating several 
kinds of fundamental movements by using a motion data set of the Japanese traditional tea ceremony.
The remaining of this paper is as follows: Section 2 presents related works about describing the fundamental 
movements and pauses in traditional skills. Section 3 explains our representation of fundamental movements and 
pauses. Section 4 evaluates the representation through an experiment. Finally, Section 5 concludes this study.
2. Related works
There are several studies aiming to transmit the traditional skills for future generations. Some of them attempt to 
analyze the movement of craft works [1-3], or provide a learning system by visualizing the movements of the skills 
[5]. It is, however, still difficult to precisely describe the movements of various skills since there are a wide variety 
of complicated and/or subtle movements. In addition, it is also difficult to appropriately express pauses (called “Ma” 
in Japanese), which play an important role in some traditional skills [4].
For the purpose of accurately analyzing and describing the key movements in the traditional skills, it is 
considered to be useful to utilize motion data of a performer of a traditional skill. Thus, we have attempted to derive 
the fundamental movements of traditional skills and the pauses in them by using the data obtained by a motion 
capture system [4]. The motion data of a certain body part can be represented as the time series of the coordinates of 
the part in three-dimensional Euclidean space.
In order to analyze the motion data, dynamic time warping[6] or Fourier transform [4]can be widely used.
However, such methods have a problem that they have rather high computational cost. We thus propose a more 
concise representation of the fundamental movements and pauses suitable for archiving a large amount of motion 
data by introducing a dimensionality reduction method on the basis of a quantization technique used, for example, in
an image classification [7].
3. Representation of fundamental movements and pauses in traditional skills
3.1. Raw motion data
In this paper, we focus on the derivation of fundamental movements and pauses from the motion data obtained by 
a motion capture system. The motion capture system we use provides the coordinates of twenty-nine body parts in 
the three-dimensional Euclidean space. The raw motion data are, therefore, given as the sequences (i.e., time series) 
of the x-, y-, and z-coordinates of the body parts. That is, the motionܯ݅ of the ݅-th marker is given as the time series 
represented by Equation (1):
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Fig. 1.Positions of markers.
ܯ݅ = (ݔ݅ ,1,ݕ݅ ,1, ݖ݅ ,1),ڮ , (ݔ݅ ,ܰ ,ݕ݅ ,ܰ , ݖ݅ ,ܰ) (1)
whereܰ is the length of the time series (we call ܰnumber of frames), andݔ݅ ,݊ (ݕ݅ ,݊ , and ݖ݅ ,݊ , respectively) is the x-
coordinate (y-coordinate, and z-coordinate) of the ݅-th marker at the ݊-th frame.
The markers used to record the coordinates are shown in Fig. 1. Fig. 1 (a) shows a person with markers and (b) 
illustrates themarker numbers.
3.2. Concise representation of motion data
The number of dimensions in the motion data of a single frame is 87 since there are 29 markers in the 3-
dimensional space. The sampling rate of the motion capture system is 100 frames per second. There are, therefore, 
thousands of values in the time series even though the motion is very short. Dealing with all the values will
considerably degrade the efficiency of describing and archiving the traditional skills. For the purpose of making it 
easy and efficient to utilize the motion data, we propose a dimensionality reduction method for them.
At first, the coordinates in the time series of the motion data are converted from Cartesian coordinate system to 
spherical one since the angles of body parts such as an arm are considered to be important to describe the 
fundamental movements in the traditional skills. The conversion is done on the basis of Equations(2), (3), and (4):
݅ݎ ,݊ = ටݔ݅ ,݊2 + ݕ݅ ,݊2 + ݖ݅ ,݊2 (2)
ߠ݅ ,݊ = ܽݎܿܿ݋ݏ ቆ
ݖ݅,݊
݅ݎ ,݊
ቇ (3)
߮݅ ,݊ = ܽݎܿݐܽ݊ ቆ
ݕ݅ ,݊
ݔ݅ ,݊
ቇ (4)
where ݅ݎ ,݊ , ߠ݅,݊ , and ߮݅,݊ are the radius, inclination, and azimuth of the ݅-th marker at the ݊-th frame.
By using the above representation, the time series of the ݅-th marker from the ݊-th frame to the (݊ + ݇ െ 1)-th 
frame can be described as (݅ݎ ,݊ ,ߠ݅,݊ ,߮݅ ,݊),ڮ , (݅ݎ ,݊+݇െ1,,ߠ݅,݊+݇െ1,߮݅ ,݊+݇െ1), consisting of 3݇ values. We reduce the 
number of values by dividing the time series into ܵ parts and choose a representative frame from each part. Here, the 
representative frame is simply defined the center frame of the part. For example, when ݇ = 20, ܵ = 4, and ݊ = 1, 
the time series is divided into four parts 1ܲ ,  2ܲ,  3ܲ, and 4ܲ such that 1ܲ = {(݅ݎ ,1,ߠ݅ ,1,߮݅ ,1),ڮ , (݅ݎ ,5,ߠ݅ ,5,߮݅ ,5)} , 
2ܲ = {(݅ݎ ,6,ߠ݅ ,6,߮݅ ,6),ڮ , (݅ݎ ,10,ߠ݅ ,10,߮݅ ,10)} , 3ܲ = {(݅ݎ ,11,ߠ݅ ,11,߮݅,11),ڮ , (݅ݎ ,15,ߠ݅,15,߮݅ ,15)} , and 
4ܲ = {(݅ݎ ,16,ߠ݅,16,߮݅ ,16),ڮ , (݅ݎ ,20,ߠ݅ ,20,߮݅ ,20)}. The representative frames of 1ܲ ,  2ܲ,  3ܲ, and 4ܲ are the third, eighth, 
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thirteenth, and eighteenth frames, respectively. Using only the representative frames instead of using all the frames 
significantly reduces the number of values.
We further reduce the data size by introducing the quantization on the basis of the changes of the values between
two representative frames. The result of the quantization ܳ is defined by Equation(5):
ܳ = (ݍ(ݎ1,ȣݎ),ݍ(ߠ1,ȣߠ), ݍ(߮1,ȣ߮),ڮ , ݍ(ݎ29,ȣݎ), ݍ(ߠ29,ȣߠ), ݍ(߮29,ȣ߮)) (5)
The function ݍ is defined as Equation (6):
ݍ(ߙ݅ ,ȣ) =෍3ݐ ή ܥ(ߙ݅ ,ߥݐ ,ߙ݅ ,ߥݐ+1 ,ȣ)
ܵെ1
ݐ=1
(6)
whereߥݐ is the frame number of the ݐ-th representative frame (in the case of the above example, ߥ1 = 3, ߥ2 = 8, ߥ3 =
13, andߥ4 = 18), and
ܥ(ߙ݅ ,ߥݐ ,ߙ݅ ,ߥݐ+1 ,ȣ) = ቐ
 0 ݂݅  ߙ݅,ߥݐ+1 െ ߙ݅ ,ߥݐ ൑ െȣ
 1 ݈݁ݏ݁ ݂݅  ߙ݅,ߥݐ+1 െ ߙ݅ ,ߥݐ ൒ ȣ
 2 ݋ݐ݄݁ݎݓ݅ݏ݁
 (7)
As for the radius ݅ݎ , the function ܥ returns 0 if the radius of the (ݐ + 1)-th representative frame decreases equal to 
or more than a threshold ȣ compared with that of the ݐ-th representative frame. ܥreturns 1 if the radius of the 
(ݐ + 1)-th representative frame increases equal to or more than the threshold ȣ. Otherwise, ܥ returns 2. ܥbehaves 
similarly for the inclination ߠ݅ and the azimuth ߮݅ . Note that ȣݎ , ȣߠ , and ȣ߮ are the thresholds for the radius, 
inclination, and azimuth, respectively. They should be experimentally determined.
The function ݍ produces an(ܵ െ 1)-digit ternary number. For example, when ܵ = 4, if the radius of the first 
marker constantly and fully decreases, ܥ always returns 0 andݍ(ݎ1,ȣݎ) results in a 3-digit ternary number 0003 (it is 
equivalent to the decimal number 0). If the radius constantly and fully increases, ܥ always returns 1 and ݍ(ݎ1,ȣݎ)
results in1113 (equivalent to the decimal number 13). If the radius does not change, ݍ(ݎ1,ȣݎ) will be 2223 (26 as 
the decimal number).The value ݍ returns ranges from 0003 to 2223, that is, 0 to 26 in decimal representation.
By using the function ݍ, the time series of all the markers can be represented as an integer vector consisting of 87 
ternary numbers as described in Equation (5). This is quite compact representation and suitable for archiving large 
amount of motion data since the time series of all the markers can be described as a 435-bit-length data (about 55 
bytes) in the case that ܵ = 4.
Note that the values of ݇ and ܵ dominate the preciseness of the proposed representation because too large value 
of ݇and too small value of ܵ obviously degrade the accuracy of this representation while increase its conciseness. 
The values of ݇ and ܵ should be appropriately determined taking into consideration the tradeoff between 
conciseness and preciseness of the representation.
4. Experimental evaluation of proposed representation
4.1. Overview of experimental evaluation
The effectiveness of the proposed representation is evaluated through an experiment. In this experiment, several 
types of fundamental movements and pauses in Japanese traditional tea ceremony are described by using the 
proposed representation. In order to evaluate how well the proposed representation describes the fundamental 
movements and pauses, we set up a classification problem and compute the classification accuracy.
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Fig. 2. Scenes in Japanese tea ceremony: (a) taking Hisyaku up, (b) putting Hisyaku down, (c) bowing, (d) putting a tea container down in front 
of a host, (e) Fukusa-sabaki, (f) purifying a tea container, (g) putting a tea container down in front of a water jug, and (h) an example of pause.
              Table 1. The lengths of fundamental movements and average length of pauses.
Movement Number of frames Movement Number of frames
(a) 100 (e) 220
(b) 155 (f) 85
(c) 70 (g) 75
(d) 90 (h) 40
The classification problem is to discriminate seven types of fundamental movements (shown in Fig. 2 (a) to (g)) 
and the pauses (shown in Fig.2 (h)) that are considered to be important in Japanese tea ceremony [4]. These 
movements and pauses are observed in the preparation phase of making a cup of tea. First, the host takes a Hisyaku, 
which is a ladle for scooping water, up (Fig. 2 (a)), and puts it down (Fig. 2 (b)). Next, he bows to the guest (Fig. 2
(c)). He then puts a tea container down in front of him (Fig. 2 (d)) and opens Fukusa, which is a sheet of cloth, to 
fold it (Fig. 2 (e)). This action is called Fukusa-sabaki. He then purifies the tea container (Fig. 2 (f)) and puts it down 
in front of a water jug (Fig. 2 (g)). The pauses as shown in Fig. 2 (h) appear several times typically between a 
movement and the subsequent movement.
Since there are seven types of fundamental movements and the pauses, the classification problem is an eight-class 
one. In order to construct a classification model, we used J48 implemented by Weka 3.6.12 [8]. It generates a pruned 
C4.5 decision tree [9], which provides a comprehensible classification model regarded as a set of classification 
rules.
4.2. Experimental settings
The fundamental movements and pauses we used in this experiment were recorded as the time series of x-, y-, 
and z-coordinates of the 29 markers as described in Equation (1). Hence, the proposed representation of them can be 
computed in accordance with Equation (5).
The lengths (numbers of frames) of the fundamental movements are shown in Table1. The characters in the 
column “Movement” correspond to those in Fig. 2 (e.g., The row (a) indicates the number of frames in the 
fundamental movement shown in Fig. 2 (a)).Table 1 (h) represents the average length of the pause since there are a 
total of nine pauses.
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Table 2.The numbers of examples of fundamental movements and pauses.
Movement Number of examples Movement Number of examples
(a) 13 (e) 37
(b) 24 (f) 10
(c) 7 (g) 9
(d) 11 (h) 9
Fig.3. Recall, precision, and F-measure of each fundamental movement and pause.
The parameters ݇ and ܵ described in Section 3.2 were set to 40 and 4, respectively. The thresholds ȣݎ , ȣߠ , and 
ȣ߮ were set to 0.1, 0.001, and 0.001, respectively. These values were determined on the basis of the result of a 
preliminary experiment. The detail of the preliminary experiment is omitted due to space limitation. In J48, we used 
a binary splitting and a ten-fold cross validation.
The numbers of examples for each fundamental movement and pause are shown in Table 2. An example consists 
of an 87-dimensional feature vector ݔ whose elements correspond to ܳ in Equation (5) and a class label ݕ א
{ܽ, ܾ, ܿ,݀, ݁, ݂,݃,݄} indicating the movement or pause.
Note that there are a number of examples for each movement since the length of each movement is more than ݇
(i.e., 40). We introduced windowing to generate the examples for the movements (a) to (g). The width of the 
window was ݇ and the sliding width was experimentally set to 5. That is, the first example was generated using the 
first 40 frames and the second one was generated using the sixth-to-forty-fifth frames. In the case of the movement 
(a), the last example was generated using the sixty-first-to-one-hundredth frames. Since there were nine pauses 
whose lengths were about 40 frames, the examples of the pauses (h) were generated for each pause and windowing 
was not used.
4.3. Experimental result
The recall, precision, and F-measure of each fundamental movement (a) to (g) and the pauses (h) are shown in 
Fig. 3. They are defined as Equation(8).ܺܿ and ݔܿ denote the set of examples whose class label are ܿ and those
classified into the class ܿ, respectively.
ݎ݈݈݁ܿܽ =
|ݔܿ |
|ܺܿ |
,݌ݎ݁ܿ݅ݏ݅݋݊ =
|ܺܿ ת ݔܿ |
|ݔܿ |
,ܨ െ݉݁ܽݏݑݎ݁ = 2 ή ݎ݈݈݁ܿܽ ή ݌ݎ݁ܿ݅ݏ݅݋݊
ݎ݈݈݁ܿܽ + ݌ݎ݁ܿ݅ݏ݅݋݊
(8)
0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1
(a) (b) (c) (d) (e) (f) (g) (h)
Recall
Precision
F-measure
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Fig. 4. Decision tree obtained.
Fig.4 shows the decision tree obtained as the learning result. The characters in leaf nodes represent the class label
(“a” to “g” for the fundamental movements and “h” for the pause). Non-leaf nodes show the classification rules. For 
example, if the value of ߮6 (the azimuth of the sixth marker) is 1113, the example is classified into the class “f” (the 
movement shown in Fig. 2 (f)).
5. Consideration
As shown in Fig. 3, the fundamental movements (a), (b), and (f) are accurately discriminated. The classification 
accuracy of the movements (d), (e), and (g) are acceptable. In contrast, the movement (c) is sometimes 
misclassified.It may be difficult to discriminate the movement without any instrument since the host handles a 
certain instrument such as Hisyaku, Fukusa, or tea container in the movements other than (c).
It is most difficult to distinguish the pauses from the other fundamental movements considering the low 
classification accuracy of the pauses. There are two kinds of pauses in the data set used in this experiment.  The 
motions entirely stop in a kind of pause while there are some movements in the other kind of pause [4]. The 
difference between these pauses may make it difficult to discriminate the pauses.
According to the decision tree obtained, the movements around shoulder, elbow, and wrist are regarded as 
important ones. In addition, an interesting tendency is observed that the radius and azimuth frequently appear in the 
classification rules while inclination rarely appears in them. This result indicates that selecting useful motions can 
reduce the size of motion data to be archived.
The time to construct the decision tree and classify all the examples was about 0.03 seconds with a computer 
having an Intel Core i7-4790 (3.60GHz) processor and 8GB memory. The required data size for archiving all the
examples is 6600 bytes (except for the size of the class labels) since there are 120 examples and the size of a single 
example is 55 bytes. These indicate that the proposed representation is fully efficient and compact, and thus suitable 
for the large-scale archives.
f
= 111ଷ ് 111ଷ
g
= 111ଷ ് 111ଷ
߮଺
ݎଶ଺
߮ଵଵ് 222ଷ
ݎଵ
e
= 000ଷ
g
് 000ଷ
= 222ଷ
߮ଶ് 222ଷ
ݎଶଷ
e
= 000ଷ
b
് 000ଷ
= 222ଷ
߮ଷ
b
= 100ଷ
് 100ଷ
ݎଽ
= 222ଷ
ݎଵଷ = 122ଷ
h
് 122ଷ
ݎହ
e
= 220ଷ
ߠଶଷ
് 220ଷ
e
= 222ଷ
d
് 222ଷ
് 222ଷ
ݎଶସ= 222ଷ
଼ݎ
a
= 222ଷ
e
് 222ଷ
ݎଶ଻
e
= 222ଷ
് 222ଷ
് 222ଷ
ݎଵ
h
= 100ଷ ് 100ଷ
ݎଵ଻
h
= 211ଷ
c
് 211ଷ
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6. Conclusion
Efficiently archiving traditional skills is needed to preserve and transmit them to future generations. In order to 
archive a wide variety of traditional skills, a concise and discriminative representation for the fundamental 
movements and pauses is required. We thus proposed an effective representation focusing on the motion data 
obtained by a motion capture system.
The result of the evaluation experiment shows that the proposed representation is fully concise and has the 
possibility to discriminate various fundamental movements in Japanese traditional tea ceremony. It is, however, 
difficult to accurately describe the pauses. Improving the proposed representation to precisely discriminate the 
pauses is included in future work.
Making the archives of a wide variety of traditional skills using the proposed representation is the future work. 
Furthermore, developing a retrieval system for the archives by introducing such as a multi-dimensional indexing 
approach is also a part of the future work.
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